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ABSTRACT
CONDITION-BASED MONITORING FOR MACHINERY VIBRATION USING
ANALYTICS
Lakhan Raj Patlolla, M.S.
Department of Mechanical Engineering
Northern Illinois University, 2016
Dr. Abhijit Gupta, Director
Machinery plays a key role for manufacturing and production companies. Most of the
machines of a production company are subject to vibration signatures of one form or another.
Vibration Signatures are quite often used to diagnose the health of the machines, i.e., detect
problems in the machines before catastrophic failure takes place. In this thesis, first vibration data
is generated using a machinery fault simulator (MFS). The piezoelectric transducers are mounted
at various locations on the vibration fault simulating system to collect the data. The primary goal
of this thesis deals with the data analytics to identify the source of a problem in the machine.
National Instruments Laboratory Virtual Instrumentation Engineering Workbench (LabVIEW) for
acquiring the data and KNIME for the statistical regression analysis are the main tools used to
identify the faults which occur in the MFS.
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CHAPTER-1: INTRODUCTION
1.1 Motivation
Machinery plays a key role for production and manufacturing companies. Most of the
machines of a production company are subjected to vibration signatures of one form or
another due to the long machine runs and result in failure. This results in production
shutdown and may even cause loss of life. Various maintenance techniques are required to
diagnose the health of a machine.
The deterioration of a machine occurs due to the various faults imposed onto the
machine. Condition-based monitoring for the machinery vibration is a maintenance
technique by which the source of a problem can be detected. Earlier all the vibration
simulations were done using various programming languages such as MATLAB and it is a
time consuming process. All these reasons have made me to search for a method to diagnose
the health of a machine and detect all the faults before its catastrophic failures take place.

1.2 Objective
The main objective of this thesis deals with the following steps:


To impose various faults onto the machinery fault simulator 



To collect the required amount of data by placing various sensors


(accelerometer and microphone) at different locations. 




To analyze the vibration signals in frequency domain and detect the source of a
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problem. 


To analyze the current data with the historical data (if available) or with
the threshold limit to predict the machine failure. 



To provide a warning indication to the operator for immediate action. 

1.3 Maintenance Methods
Preventive Maintenance: This method is a time-based maintenance technique in which
the health of a machine is diagnosed at regular intervals of time before the breakdown.
However, it is a costly affecting method resulting in loss of production and labor due to shutting
down the machine or replacing the machine part, even though it runs properly. Sometimes the
deterioration of the machine also takes place before the scheduled time for checkup without the
knowledge of life history of a machine component. Hence it is difficult to predict the premature
failure of a machine component using this technique.
Predictive Maintenance: This is the condition-based monitoring system in which the data
related directly to the performance of a machine is collected and then it is analyzed to recognize
high-frequency vibration signatures of a component before a catastrophic failure. It is a decent
application of machine knowledge in order to follow necessary measures to ensure a machine’s
reliability. A machine’s performance can be improved by detecting the faults during the machine
run and helps in predicting the action needed to be taken, either replacing the equipment or
repairing it. This technique helps in estimating the loss in production and schedule for machine
breakdown for maintenance to avoid the premature failure. Predictive maintenance can reduce
the maintenance cost and unexpected machine breakdown time and ensure the safety of an
operator.
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1.4 Machinery Vibration Monitoring
Most of the machines in the manufacturing company have encountered vibrations of one
kind or another. Machines include bearings, motors, rotating shafts, rotors, motors and gear box.
High-frequency vibrations cause the machine failure during its operation. Due to the long
machine run its components deteriorate and subject to machine failure which causes reduction in
production time. Failure of a machine can be indicated through the extreme vibration signatures
collected from its components. Monitoring the vibrations usually comprises of three parts, i.e.,
transducers, data collection and data Analysis. Over time, many maintenance techniques have
been practiced and out of them predictive maintenance gives the most effective result.
Operating condition of a machine can be identified by the healthy vibration signals,
whereas it is more difficult to obtain the data from the faults introduced into the machine. The
developing faults can be analyzed to prevent the catastrophic failure of a machine using the
condition-based monitoring system. Mohanta (2013) explains some of the machine faults
behavior and effects of machinery vibrations (Table 1).
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Table 1 Machine Health Diagnosis Chart

MACHINE FAULTS

PARAMETERS
Temperature

Pressure

Flow

Oil Analysis

Vibration

Out of balance
Shaft misalignment

X
X

X

Damaged rolling element
bearing

X

Damaged journal bearing

X

Damaged or worn gears

X

X

X

X

X

X

X

X

Mechanical looseness

X

Noise

X

Cracking

X

1.5 Literature Review
Sunita Mohanta discussed about monitoring and analysis of machinery vibrations to
detect various faults that occur in the machine based on virtual instrumentation which also
includes the required preventive control action using PID controller. Some of the modes of
failures and maintenance techniques were also described to prevent the premature machine
failure (Mohanta, 2013).
M. Kotb Ali described the machine faults diagnosis by vibration analysis at different
loading and speed conditions. The fast Fourier transform (FFT) spectrum for each of the
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machine faults was compared with the good working condition system in this study to detect the
defects at different speed and loading conditions (Ali, 2009).
Asan Gani’s article describes the vibration fault simulation system which helps in good
understanding of vibration signatures for faults detection and machine health diagnosis (Gani,
2002).
“Anomaly Detection in Predictive Maintenance (Time Series Analysis and Visualization)
in KNIME” deals with the prediction of machine failure without any historical data by defining
some boundary limits. The vibration data is analyzed to indicate the early signs of machine failure
(Wiswedel, 2007).
Data Analytics for Machinery vibration a thesis by Sunil Sirimalla deals with an
eccentric load on the rotors of machinery fault simulator to study the imbalance behavior with
some fault conditions. Visual Basic program is coded to extract the first three FFT peaks and
their corresponding frequencies of a fault condition for further analysis (Sirimalla, 2015).
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CHAPTER-2: DATA COLLECTION
2.1 Components
The vibration analysis improves the machine’s performance and reduces the financial
costs. Machines do not break down without indicating some sort of warning to the operator.
Vibration analysis gives all the information of a machine to predict its failures. This analysis can
be done with the data collected from the transducers placed at different locations. The required
components for the vibration monitoring system are machinery fault simulator, transducers, data
acquisition system, computer with the LabVIEW software and KNIME for data analysis.
For the collection of vibration data, machinery fault simulator (MFS) is used to study the
common vibration signatures encountered in industries. It is a tool in which one can impose
common machinery faults to study its behavior. Some of the common machinery faults that are
encountered in rotating machines are imbalance, bent shafts, bearing faults, mechanical
looseness, critical speed, motor pump faults, and misalignment. The rotating equipment
problems can be studied with vibration fault simulator with the well-developed experiments.
The machines cannot be shut down for experimenting the faults as it adversely affects the
production cost. The major advantage of studying faults in the MFS is it does not affect loss in
production cost and time as well. It is because the vibration diagnosis of all the faults can be
studied on the MFS beforehand and then good-working-condition components can be introduced
onto the machines in industries.
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2.2 Machinery Fault Simulator
Spectra Quest’s Machinery Fault Simulator shown in Figure 1 is a benchtop tool
generally used to study the common machine faults encountered in machines during their
operation. A well-controlled experiment can be conducted on the faults without combatting its
vibration signatures. It is a best tool for the vibration analysts to gain in-depth understanding on
the predictive maintenance. It is not only used to diagnose the machine’s breakdown before its
failure but also helps in scheduling the necessary maintenance measures with the proper planning
(Spectra Quest, Inc., 2016).

FIGURE

1 SPECTRAQUEST MACHINERY FAULT SIMULATOR .

Transducers play a vital role in generating data from the machine vibrations. The
transducer converts the real-world analog data taken as input to the digital output. Sometimes the
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uncalibrated or poorly working transducers can mislead generating data from machine vibrations
and ultimately lead to unnecessary maintenance checkups in the middle of operation. Hence, in
the selection of transducer, mounting position is a major factor in the vibration monitoring system.
In this work, PCB piezotronic acclerometer and microphone are used as a transducer to
collect the data . The accelerometers are placed at various locations on the machine fault simulator
with the faults imposed onto it. The parameters required to monitor the vibrations are acceleration,
velocity and displacement and are measured using the accelerometer.

In the piezoelectric

transducer, a crystal is present which detects the motion of any disturbance caused due to the
vibration signatures. The applied force on the piezoelectric crystal generates an electric voltage as
an output directly proportional to the crystal motion. The advantage of using this sensor is that it
can be widely operated in extensive temperature ranges.
The data that is collected from the sensors uses the data acquistion system to analyze and
display the vibration waveform on the computer screen with the required software program. Data
acquistion can be categorised into two types depending on the application:


Single channel



Multiple channel

Single channel is used to acquire the data with only one type of parameter and it can sense the
motion at one time, whereas multiple channel is used to acquire the data containing various senses.

2.3 NI LabVIEW Software
National Instruments Laboratory Virtual Instruments Engineering Workbench ( NI
LabVIEW) is a software program that is widely used to measure the vibration and analyze it. It
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is a graphical programming that works on virtual instruments to acquire, measure and analyze
the data. Earlier signal analysis used to be done with code written in programming languages like
MATLAB, C and C++. The main disadvantage using the code-oriented program is that it
occupies a lot of memory and consumes a lot of time to write the lengthy code. The signal
processing in this thesis is done with the virtual icons present in the LabVIEW software
(National Instruments Corporation, 2016). National Instruments produces all the transducers to
measure the physical parameters, data acquisition devices and for the communication BNC
cables which are compatible with the NI LabVIEW.
The multiple-channel data acquisition system is used in this thesis. Figure 2 shows the
NI cDAQ-9174 , NI 9234 , PCB Microphone (130E20), PCB accelerometer and BNC cables.

FIGURE 2 NI CDAQ-9174, NI 9234, PCB MICROPHONE (130E20), PCB ACCELEROMETER
AND BNC CABLES .

10

2.4 Hardware Setup
The experiment is conducted by configuring all the hardware devices required to acquire
the vibration data from the Machinery fault simulator and analyze it in order to detect the fault
region. Tha hardware setup involves MFS, NI cDAQ-9174 , NI 9234 , PCB microphone
(130E20), PCB accelerometer and BNC cables.
First, two of the NI 9234 are slotted in the NI compact DAQ-9174 for the multiple
measurements. Four slots are available in NI Compact DAQ-9174 depending on the type of
application. NI 9234 data acquistion device as shown in Figure 2 contains four channels to
measure four physical parameters which convert the analog vibration signal to digital signal
with the ADC converter located in the device. One NI 9234 DAQ device is inserted in the first
slot to acquire the data from the four accelerometers mounted on the MFS. The second one is
inserted in the second slot for acquiring the data generated from the noncontact Microphone
placed on the MFS.
Four PCB accelerometers (333B30) are mounted on the machinery fault simulator which
replicates the machine running in an industry. They are mounted on four different locations such
as on the motor, on the first bearing column, base of the column under the rotor, and base plate.
Two microphones are placed at first bearing column and base plate to compare the results. The
accelerometers and microphones communicate with the BNC cables connected to two DAQ
devices slotted in the compact DAQ. The USB cable from the cDAQ-9174 is now connected to
the computer containing NI LabVIEW software. The hardware is installed in the computer and
should be ready to use.
The settings for the hardware configuration can be done in the software program. NI
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LabVIEW consists of two windows: block diagram and front panel. NI LabVIEW includes all
the virtual instruments as icons to write the code that can perform the operation like acquiring
data, signal analysis and system control. Block diagram is the window where we write our code
to execute the program and the icons corresponding to the front panel display controls and
indicators are located. All the functions can be modified in the block diagram and corresponding
changes can be observed on the front panel window.
The analog vibration signals are acquired and displayed on the computer using the
LabVIEW software. The specific code is written in the block diagram to perform the data
collection. The DAQ assistant VI is an icon where all the hardware configuration can be
modified as per the type of hardware being used.
The data is generated from the accelerometers and microphones placed at various
mentioned locations where the possible chances of high-vibration signatures can be analyzed on
a running machine. The collected data from DAQ assistant palette is diplayed in the from of
waveform graph on the front panel window. This waveform graph shows the amplitude of the
vibration acceleration in time domain. Since the data can be difficult to analyze in time domain,
it is recommended to convert into frequency domain using the spectral measurement sub-VI
located in signal processing VI. The time domain data is inputed to spectral measurement subVI to display the data in frequency domain using the fast Fourier transformation (FFT)
constructed in the function palette.
The clear peaks of the frequency domain data can be recognized in the second waveform
graph with the cursor function to keep a track on all the orders of vibration data. The horizontal
axis of a frequency domain displays the frequency spectrum characteristics, whereas the vertical
axis displays the amplitude. The results are then exported to a definite file format using the write
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to measurement VI. Figure 3 shows the hardware setup of the vibration monitoring system.

FIGURE

3 HARDWARE SETUP OF MACHINERY FAULT SIMULATOR .

2.5 Flow Chart
The flow chart describes the step-by-step procedure to acquire the data from the
machinery fault simulator using the sensors and analyze the vibrations of the faults imposed onto
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the MFS. The source of the data that is generated is the MFS that replicates the regular machine
run in a manufacturing company. Microphones and accelerometers placed at multiple locations
are used as transducers to acquire the vibration data. NI cDAQ-9174 and NI-9234 are used as
data acquistion devices to collect multiple physical parameters from both the transducers. The
data is collected from the inner race fault, outer race fault and centrally bent rotor shaft
components imposed onto the MFS. NI LabVIEW software displays the waveform graphs both
in time domain and frequency domain. It is also coded to give an indication if the vibration level
exceeds the threshold limit.
The data is then exported to a particular format for further anlaysis in KNIME software.
The FFT peak patterns of all the faults at various speeds are then compared in Excel to recognize
the individual fault pattern of a machine. The data is imported in KNIME for validating the
faults recognized in the Excel. It is coded in KNIME defining the boundary limits and detects
the fault if it exceeds those defined limits. The exceeded frequency ID at corresponding speed
for a particular fault is then emailed to an operator suggesting immediate action on mechanical
checkup at that location. Had the historical data been available to compare, it would be more
efficient to detect the machine failure correlating the timestamp data with the current data. The
flow chart is as shown in Figure 4.
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FIGURE 4 FLOW CHART .

2.6 Input Specifications
The following are the specifications given as an input for the vibration analysis of the
mentioned faults on vibration fault simulator:


Machine Fault Simulator (Spectra Quest, Inc., 2016)


Motor Speed - 0-4000 RPM
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Frequency Range- 0-60 Hz

NI Data Acquistion Device (National Instruments Corporation, 2016)


Device 1 – NI 9234



Device 2 – NI cDAQ 9174



Samples- 20000



Sample Rate- 2000

Accelerometer ( PCB Piezoelectric )


Model- 33B30



Sensitivity- 100mV/g



Frequency Range- 0-5000Hz

Microphone ( PCB Piezotronics)


Model- 130E20



Sensitivity- 45 mV/Pa



Frequency Response 0- 10000 Hz



Temperature: -10 to +50 degres Celsius

2.7 Block Diagram
The block diagram is shown in Figure 5 on the next page. It is a working window in
which the programmer can write the code with the available virtual instruments in LabVIEW
software. There are many data acquisition palettes present in the software among which DAQ
assistant is the prominent one. The block diagram shows the step-by-step process that takes
place in the vibration analysis of machinery faults. As mentioned in the flow chart, four
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accelerometers have been for acquiring the data and those signals are separated accordingly
using four select signal VI’s.

FIGURE 5 ACCELEROMETER BLOCK DIAGRAM.

The data generated from the DAQ assistant is the time domain data and is displayed in a
waveform indicator. To convert the time domain data to frequency domain, FFT function
present in the spectral measurement sub-VI is used. The converted frequency domain graph is
shown in the waveform indicator. The cursor position is programmed to detect the FFT peaks
from the power spectrum for further analysis using a property node which also displays X
position and Y position arrays. The threshold limit is defined with the boundary limits in order
to give an indication in the form of LED blink to an operator if any irregular patterns are
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observed for a particular fault. The same procedure is followed for the microphone data too,
except using two select signals VIs to separate the data collected from two microphones placed
at two different locations instead of four used for the accelerometer data. The figure for the
microphone block diagram is shown in Figure 6.

FIGURE 6 MICROPHONE BLOCK DIAGRAM .
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2.8 Front Panel
Front panel is the window which displays the results corresponding to the program
executed in the block diagram. It is also considered as a user interface to control the functions in
block diagram in the form of constants, indicators and controls. There are two separate front
panel windows: one for the accelerometer data and the other for microphone data. The
waveform graphs shown below display the time domain data and frequency data. The first four
waveform graphs indicate the frequency domain data corresponding to the data collected from
four accelerometers respectively and the label indicates its number shown in Figure 7. The Xaxis represents the frequency (Hz) and Y-axis represents the magnitude measured in the units as
‘g’. The cursor positions beside the waveform depict the orders of frequency spectrum. The
arrays for the X-position and Y-position are also displayed in the indicators present above the
cursor. The red cursor point indicates the first-order (1X) spectrum for the vibration data.
Similarly yellow-2X, pink-3X, blue-4X, violet-5X, green-6X, grey-7X.

FIGURE 7 FREQUENCY DOMAIN DATA IN FRONT PANEL (ACCELEROMETER DATA ).
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The waveform graph below shows the time domain data. The X-axis represents the time
and Y-axis represents the amplitude measured in the units ‘g’. The waveform indicators from
the mask limit and testing VI shows the frequency graph with the defined boundary limits. It
helps in finding the frequency spectrum that exceeds the threshold value for a particular
accelerometer. The machines never fail without giving some sort of warning and that is given
through the modifications in its settings for upper limit. The warning signal can be just detected
by observing the green LED blinks below the corresponding graphs. Failure indication is given
with the red color spectrum. The stop control with the ‘Stop’ label stops the iterations being
carried out in the while loop. The front panel is shown in Figure 8.

FIGURE 8 T IME DOMAIN DATA AND WARNING INDICATORS (ACCELEROMETER DATA).
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The Figure 9 shown below follows the same representation as the accelerometer except
using two waveform graphs for the two microphones used in data acquisition. All the time
domain and frequency domain graph indicators including the warning LED indicators fit in one
front panel window as shown below in the figure.

FIGURE 9 FRONT PANEL W INDOW (MICROPHONE ).
2.9 Frequency Response
It is a transfer function which expresses the vibration data in frequency domain. This
complex function of a system represents the relationship between inputs and outputs consisting
of both the real part and imaginary part of its function (Figure 10). The output data frequency
response can also be shown in terms of magnitude along with the phase. These functions in this
work are expressed in terms of acceleration or sometimes displacement as an output depending
upon the requirement. The function used in this frequency response is a spectral analysis
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function. There are different types of functions used in the frequency response and the one that
is considered in this thesis is Fourier transform function (Irvine, 2000).

FIGURE 10 FREQUENCY RESPONSE FUNCTION
The relationship for a linear system given in the Figure 11 is shown below:

FIGURE 11 POWER SPECTRUM IN FREQUENCY DOMAIN (MEMUNITY, 2016).
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This frequency response shows the FFT peaks at various frequencies. This example is taken
as a reference to detect the peaks of various faults. A machine running at a speed 2400 rpm shows
the FFT peaks at 40 Hz (60 rpm =1Hz). The FFT can also be noticed at other frequency values too
due to the resonance that occurred in a machine. These peaks can be represented in terms of 1X,
2X, 3X and so on. The dominating peaks are analyzed for each of the faults in this work to detect
the fault type and the region where it occurred.
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CHAPTER-3: EXPERIMENTAL RESULTS
3.1 Fault Types and Machine Speeds
This thesis deals with the various faults introduced onto the machinery fault simulator to
study their behavior with the change in machine speed. The speed is measured using the laser
tachometer. The vibration signatures of below-mentioned faults are analyzed to predict the
deterioration of machine components. The faults can be recognized by detecting the unique
pattern that follows in the order analysis for a particular defect. Some of the faults that are
introduced in this work are as follows:
 Inner Race Fault
 Outer Race Fault
 Centrally Bent Rotor Shaft
 Mechanical Looseness
3.1.1 Bearing Defects
Bearings are widely used in rotating machines at different load and speed conditions.
The extent of defect for the bearing faults are distinguished by the grade allocated to a particular
fault out of the experience. There are many causes for the damage in rolling bearings. The failure
may occur due to the bad installation, no proper lubrication provided to the bearing, fatigue
stresses, or manufactured bearing faults. The products may be manufactured and tested in
controlled conditions to estimate the life period of a bearing, but then it gets deteriorated in a
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factory environment prior to the life period given by the manufacturer. Typically, rolling bearing
components consists of outer race, inner race and cage.
The irregular patterns in the faults that occurred in the bearings generate the frequencies
periodically known as defect frequencies. The following are the commonly studied bearing fault
frequencies (Suri Ganeriwala, 2010).
 Outer Race Ball Pass Frequency: It is a frequency that is generated when the roller passes
a defect located on the outer race component of a rolling element.
𝑁

OR=

2

𝐵𝐷

∗ 𝑟𝑝𝑠 ∗ [1 − 𝑃𝐷 (𝑐𝑜𝑠∅]

 Inner Race Ball Frequency: This generates a high-frequency signal when the fault on inner
race passes across the ball per each revolution.
IR=

𝑁
2

where rps = Revolutions per second
OR= Outer race
IR= Inner race
N= No of balls in a roller
BD= Ball diameter
PD = Pitch diameter
∅= Contact angle

𝐵𝐷

∗ 𝑟𝑝𝑠 ∗ [1 + 𝑃𝐷 (𝑐𝑜𝑠∅]
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3.1.2 Centrally Bent Rotor Shaft
The rotating shaft is bent centrally to study the balance in rotating equipment. It is
basically found when the rotors on the shaft are kept stationary for longer periods of time and are
subjected to permanent deformation due to the rotor weights. The spectral analysis gives the unique
FFT peaks to be able to recognize the bent shaft in a running machine and helps in preventing the
deterioration of machine components.
3.1.3 Mechanical Looseness
The mechanical faults are introduced onto the machinery fault simulator to analyze their
behavior when used in the manufacturing industries. To understand the patterns for various
faults, data is collected from the MFS running for longer period of time at various speeds and are
subjected to looseness in its components. The structural looseness might occur due to improper
MFS design, whereas the rotating looseness might occur due to the wear and tear of MFS
components in the process of fault study. There will be more clearances experienced between
rotating and stationary components. It should be analyzed in order to prevent the effect on the
behaviors identified to for imposed faults.
3.2 Front Panel Results
All the experiments were conducted with the mentioned faults and results are shown in
the Figure 12. The frequency domain and the time domain for a particular fault looks like in the
figures given below. From the frequency domain, multiple harmonics are observed at various
frequencies indicating orders as 1X, 2X, 3X, 4X and 5X at all the machine speeds mentioned.
The speed of a machine fault simulator is varied and measured using the non-contact laser
tachometer. The type of the fault and its region where it occurred is identified by varying the
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speeds of a motor. The machine speed of a rotating equipment in a vibration analysis plays a
significant role in predicting the future behavior of machine components. The entire process for
the fault identification and alerting the operator to take immediate action to prevent the loss of
life and production is described clearly in the following chapters.

FIGURE 12 FRONT PANEL FOR I NNER RACE FAULT AT 2000 RPM (ACCELEROMETER ).
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The front panel window shown in Figure 13 is the data generated using microphone for
the same inner race fault at 2000 rpm. The amplitude in the time domain and the peaks in
frequency domain are analyzed to compare it with the accelerometer data. The coherence for
both the frequency data is also checked in NI LabVIEW to find if there is any relation between
two sensor’s data.

FIGURE 13 FRONT PANEL FOR I NNER RACE FAULT AT 2000 RPM (MICROPHONE ).

Likewise, the data is generated using the same program with the inner race fault, outer
race fault, and mechanical looseness on the MFS for the vibration analysis.
3.3 FFT Analysis Spectrum
The analysis becomes more complicated with the increase in number of transducers that
are required to generate the data. Hence, the transducers located near the faults give more
simplified results in the vibration analysis to detect the fault type and region located. The other
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transducers used in this study check whether the faults directly or indirectly affect other parts of
a machine. The accelerometer transducer by the name ACC-1 and the microphone transducer by
the name Sound Pressure-1 (SP-1) are mounted near the faults to identify the trend in its
behavior at various machine speeds. The spectrum for the mentioned faults is dragged out to
check the FFT peaks for further analysis. Figure 14 shown below depicts the FFT spectrum of
both the accelerometer data and microphone data which are located at the faults for 2000 rpm
machine speed. The first set of waveforms show the accelerometer spectrum and the second set
shows the microphone data spectrum of the faults used in this work.
1)

2)

FIGURE

14

FFT SPECTRUM

(1. ACCELEROMETER AND 2. MICROPHONE ).
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Since it is a little difficult to identify the type of fault using the waveform graphs shown
in Figure 14, it is recommended to do the order analysis in Microsoft Excel sheet with the
imported FFT peaks. It is not easy to analyze the spectrum and identify a particular pattern
behavior for a specific fault.
3.4 Comparison of Orders
The vibration signatures show unique amplitudes at multiple frequencies and the generated
harmonics are considered as orders (say 1X, 2X, 3X, 4X and 5X). The FFT peaks of accelerometer
and microphone for different orders are then entered into an MS Excel sheet as shown in Figure
15 and formulated to generate a plot at 1000 rpm, 2000 rpm and 3000 rpm speeds. The magnitude
of the FFT peaks for each of the orders is observed using the cursor position located in a waveform
graph. The order analysis is done for all the data generated using four accelerometers and two
microphones. The speeds for MFS used are 1000 rpm, 2000 rpm, 2500 rpm, 3000 rpm, and 3500
rpm but then pattern analysis has only been done for speeds 1000 rpm, 2000 rpm, 3000 rpm, to
avoid confusion in irregular pattern recognition to identify the type of fault that occurred
(Sirimalla, 2015).

30

FIGURE

15 1X ORDER FFT PEAKS IN EXCEL SHEET .

The 1X fault conditions are then compared by generating the plots for all the sensors used
in this work at 1000 rpm, 2000 rpm and 3000 rpm as shown in Figure 16. The horizontal axis in
the plots represent the machinery fault simulator’s speed, and vertical axis represents the
amplitude of first order (1X FFT peak).
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FIGURE

16 LINE PLOTS FOR 1 X FAULT CONDITIONS .

The observation done for the 1X patterns generated using FFT peaks as shown in the
plots above vary in a parabolic path for all the fault conditions and speeds. It is primarily
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recommended to consider the plots of the sensors located near the faults first and compare the
pattern variations that take place for both the data-generating transducers. Similarly, the FFT
peaks for other orders are also entered into the Excel to generate the plots and check with the
pattern. The Figure 17 shows all the plots for Accelerometer-2 and Microphone-2 located near
the faults in order to diagnose the behavior of the faults. The reason for preferring only sensor
data that is located near the faults over other sensors is because it shows irregular patterns for all
the speeds and it is complicated to analyze the fault conditions. The accelerometer data shows a
parabolic pattern whereas the microphone data shows an irregular pattern. Thus, it is complicated
to just rely on the microphone as a data-collecting sensor in order to diagnose the health
condition of machinery components in an industry.

FIGURE 17 COMPARISON OF 2X, 3X, 4X AND 5X PLOTS.
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As the plots in MS Excel explain a clear idea of recognizing particular patterns indicating
an occurring fault for a running machine, it is also equally important to determine the component
that is responsible for the deterioration of a machine. In the next chapter we deal with the order
analysis that subjects to categorizing the faults with their FFT peaks, predicting the premature
failure using historical data of a new machine, coherence and correlation between both the input
data, email notifications and irregular pattern detection using KNIME software.
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CHAPTER-4: ORDER ANALYSIS

The type of the fault which is introduced onto the MFS can be identified by analyzing the
orders of the power spectrum obtained. A unique pattern in the FFT peaks are observed for each
of the faults assembled onto the machinery fault simulator. After a long machine run, its
components get deteriorated due to some mechanical stresses or poor installation and
maintenance. It affects the company financially because of the loss in production during machine
breakdown and results in expensive maintenance measures. It is a significant step to determine
the source of a problem using this analysis to lessen the breakdown time of a machine and
demand for an immediate action to replace the component with the new one or repair it by
expertise.
4.1 Inner Race Spectrum
The data collected from the inner race fault is a graphical method to detect a unique
spectrum as shown in Figure 18. The dominant factor plays a vital role to detect the type of fault
when a machine gets shut down. By observing the spectrum, one can identify the fault to replace
or repair it in the next step.
The Figure 18 shows the spectrum taken from the transducers (accelerometer and
microphone) located near the faults at speeds 1000 rpm, 2000 rpm, 3000 rpm and 3500 rpm. The
orders of the spectrum are then observed to extract the pattern that follows for inner race fault. It
is shown clearly in the figure that 4X is a dominant factor, whereas the 1X FFT peak is the least
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dominant factor for inner race fault. Besides, it is also noticed that 2X, 3X and 4X follow the
parabolic path for the mentioned machine speeds.

FIGURE 18 I NNER RACE FAULT S PECTRUM (ACCELEROMETER).
On the other hand, results are also verified to avoid some similarities that occur for other
components of the machines by detecting a particular pattern using the microphone data analysis
whether or not one can rely on the microphones as data-generation sensors (Figure 19). The 1X
peak becomes dominant in case of microphone and it also noticed that after the dominant peak,
2X and 3X FFT peaks vary in an ascending order. 3X peak is the second dominant factor after
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the 1X. The severity of the damage can be identified by observing the magnitude of the
spectrum. The 5X FFT peak is the least dominant factor for the microphone data.

FIGURE 19 I NNER RACE FAULT S PECTRUM (MICROPHONE ).
The FFT peaks of inner race fault are entered into an Excel sheet for a clearly dominant
factor detection. As depicted clearly from the spectrum analysis, the pattern identification in
Excel also clearly shows all the dominant peaks and the paths followed for FFT orders that help
in identifying the type of fault that occurred.
The Figure 20 describes the path followed by the inner race fault data collected using
both the transducers at mentioned machine speeds. The X-axis represents the orders of the FFT
spectrum and Y-axis represents the amplitude of a measurement. Typically ‘g’ is used for
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acceleration and ‘dB’ for sound pressure. Fault in inner race can arise due to stresses, cracks, and
damage in the ball bearings. The dominant FFT peaks might vary depending on the cause for the
fault. The trend in the plot could follow linear or quadratic path also.

FIGURE 20 INNER RACE FAULT FFT PEAKS PLOT IN EXCEL SHEET .
4.2 Outer Race Spectrum
The same method has been used to identify the pattern for outer race fault too. It is
observed from the Figure 21 that this fault has 5X FFT peak dominant over other orders of the
spectrum, whereas the results verified from the microphone shown in the same figure with the
“Microphone” label on the waveform graph show 1X FFT peak and 5X FFT peak as a dominant
factor. It is also clearly shown in the accelerometer power spectrum that 3X, 4X and 5X FFT
peaks follow a parabolic trend for all the speeds used in this work.
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If the machine breaks down, the operator can check the cause by simply observing the
power spectrum data collected during the production process and identify a dominant peak in the
5X FFT peak and 1X FFT peak; then an immediate action is advised to replace or repair.

FIGURE 21 O UTER RACE FAULT S PECTRUM .
The Figure 22 shown below depicts FFT peaks entered into Excel to show the plots of the
peaks that identify a unique trend for this fault. The 1X FFT peak for the accelerometer and 5X
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FFT peak for the microphone clearly show the least dominant factor in the plot shown in figure
below.

FIGURE 22 O UTER RACE FAULT FFT PEAKS PLOT IN EXCEL SHEET .
4.3 Centrally Bent Rotor Shaft Spectrum
The permanent deformation in the rotating shaft may occur at any point on the shaft
depending on the rotor mounting positions. In this thesis, a centrally bent rotor shaft is used to
study its behavior in the industrial conditions by imposing it onto the MFS. It can be observed
from the waveform graphs shown in Figure 23 that for this bent shaft accelerometer data shows a
pretty high dominant at its 7X FFT peaks, whereas other orders show negligible amount of
magnitude at all the machine speeds. On the other hand, data collected from microphone shows
2X FFT dominant and next comes the 5X FFT peak dominant when compared with other orders
of the spectrum. The dominant FFT peak orders might vary with the bending location on the
rotating shaft.
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FIGURE 23 CENTRALLY BENT ROTOR S HAFT S PECTRUM.
The data exported into Excel to identify a particular pattern is shown in Figure 24 next
page. All the dominant orders in this fault spectrum are clearly shown in this plot. This verifies the
pattern identified from the power spectrum.
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FIGURE 24 CENTRALLY BENT ROTOR S HAFT FFT PEAKS PLOT IN EXCEL SHEET .

4.4 Mechanical Looseness Spectrum
A machine will also have equal chances of getting deteriorated due to looseness that
occurred in machine components. Early detection of the looseness indicates an operator should
check up and fix the issues in less time saving the production loss. Mechanical looseness shows
multiple harmonics at regular intervals of frequency for the accelerometer, whereas it shows
some dominant orders for microphone data as shown in Figure 25. The 1X, 2X and 3X FFT
spectrum linearly decreases and 1X is dominant among all other harmonics. Different machines
will experience looseness at various locations and dominant orders might also change
accordingly. Hence, it is suggested to do mechanical checkup all over the machine.
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FIGURE 25 MECHANICAL L OOSENESS FFT SPECTRUM.

Likewise, the data is also shown in Excel to represent the FFT peaks in a plot as shown in
Figure 26. The data collected from the accelerometer always show greater values than other
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faults due to multiple harmonics. The machine running with lesser speed shows negligible effect
on a machine. The mechanical looseness can only be detected for the machine running at high
speed.

FIGURE 26 MECHANICAL L OOSENESS FFT PEAKS PLOT IN EXCEL SHEET.
4.5 Coherence and Correlation
Coherence is a measure for similarities between two signals acquired from accelerometer
and microphone. It is a significant factor in understanding the dependency between two signals
in frequency domain. The scale between 0 to1 is used for the coherence measurement and if a
signal is completely dependent on another signal then a magnitude of coherence shows value ‘1’.
The measure will be ‘0’ for the completely uncorrelated signals. The extent of similarities
between two or more signal data can be measured in this work. Correlation is another form of
measuring the similarities between two signal variables in time domain. It provides an

44

understanding to an analyst to observe the relation between two sets of data generated from
accelerometer and microphone.
It is observed from the front panel window shown in Figure 27 that the accelerometer and
microphone data are checked for linear dependency between each other. It is found to be closely
related at the resonant frequencies for the machine running at particular speed. For an
understanding, mechanical looseness coherence and correlation have been checked at 3000 rpm.
It describes that at 5X order at 51 Hz resonant frequency, both the data are closely related to each
other, whereas the rest of the orders shows partial dependency. Likewise, the coherence is also
observed nearly 1 at their resonant frequencies for all the faults imposed on machine running at
multiple speeds.

45

FIGURE 27 COHERENCE BLOCK DIAGRAM AND FRONT PANEL WINDOWS .
The uncorrelated variables have been extracted from large amount of data in
principal component analysis to determine the strong patterns with the less number of data
points. Covariance describes the trend between two variables that vary together. It can be

46

positive or negative. The non-diagonal elements in the covariance matrix depict that one variable
is higher than mean values pairing with another variable lower than its average value. It is
observed that only part of the data at some frequencies are correlated to each other and the rest
has no linear dependency. The correlation is found to be maximum at only resonant frequencies.
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CHAPTER-5: KNIME ANALYSIS
5.1 Introduction
KNIME is an open software available to every data scientist to predict the future. It
includes several options like processing nodes for input and output and data analysis as well as
the data representation in scatter plots, line plot, and correlation matrix. Data blending from
simple files, image processing and files like Hadoop can also be combined in the programming.
There exists workflow window in which all the coding can be visualized. It is user friendly and
easy to program. The process in the workflow can be graphically represented as shown in the
Figure 28 below (KNIME Corportation, 2016).

FIGURE 28 KNIME WORKFLOW EXAMPLE .
5.2 Failure Prediction
The prediction of failure plays a significant role in a machine health diagnosis. The above
method requires a periodic inspection on the collected data from the sensors and plot it to detect
the type of fault that occurred accordingly, but then KNIME analysis does a simple process in
predicting the machine failure beforehand and alerts the operator to check the type of fault that
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occurred for that particular data. The complete data that is collected during the manufacturing
process is exported into KNIME remotely and programmed using various nodes to define some
safe boundary limits. The data that exceeds the first boundary limit indicates first-level warning
to check with the machine component. If the data in workflow exceeds the second-level limit
then it indicates that the operator needs to take immediate action on the machine to shut it down
and do analysis with the plot patterns to check with the fault location and its type.
The file reader node reads the data and the imported data looks like in the Figure 29
shown below. The manipulation on the data is done for missing values to replace it with the
mean value to avoid the workflow error.

FIGURE 29 IMPORTED DATA IN FILE READER NODE.
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The upper boundary limit and lower boundary limit are defined using the mean and
standard deviations of the data. The entire workflow for this is as shown in Figure 30. There are
two metanodes used in this thesis. The first one is first-level warning to an operator, whereas the
second metanode includes the SEND EMAIL node to recognize the data exceeding second
boundary limit to send a message to an operator for mechanical checkup.

FIGURE 30 KNIME WORKFLOW FOR FAULT DETECTION .

5.3 Alarm Indication
The first-level alarm metanode sub-workflow recognizes the data which exceeds the first
boundary condition. The boundary condition is defined in the rule engine node to detect some
irregular data that causes machine failure. UCL stands for upper control limit and LCL stands for
lower control limit. These limits are defined using the math formula node and condition is
defined in rule engine node shown in Figure 31. Each of the data compares with the boundary
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limits and displays a value ‘0’ for safe machine run and ‘1’ for the data exceeding the boundary
limits.

FIGURE

31 FIRST -LEVEL WARNING WORKFLOW .
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5.4 Email Notification
An operator monitoring the machine gets an email notification in the second-level
warning workflow. It checks with all the data imported into file reader and some data
manipulation is done as shown in Figure 32 to send an alert for mechanical checkup. The
condition is written in rule engine node stating that if the average of first-level alarm data values
exceed a certain given value (say 0.15) based on historical machine’s performance, then a
prediction column is generated with the values ‘0’ for the data set less than the given condition
and ‘1’ for the exceeding data set. Apparently the status of a machine running is given as ‘Good’
for ‘0’ and ‘Bad’ for ‘1’ using an operation in Java Snippet node. All of the data values with the
timestamp, amplitude, frequency and sensor location representing the status ‘Bad’ will be sent as
email to an operator.

FIGURE 32 S ECOND -LEVEL ALARM WORKFLOW .
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The send email node takes all the values with the status ‘Bad’ and sends it to an operator
as shown in Figure 33. It needs an authentication from an operator before processing it.

FIGURE 33 E MAIL NOTIFICATION NODE SETTINGS .

5.5 Prediction Using Historical data
If there had been any historical data available for a particular machine then it would have
been easy for an operator to predict the premature failure of that machine. The timestamp data
plays a significant role in predicting the deterioration of machine components. In this thesis,
there is no historical data available to predict the faults on machinery fault simulator, so a small
example is given below to describe how to predict machine failure with the historical timestamp
data available. The Figure 34 shown below describes the time at which the new installed motor is
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happening to deteriorate by comparing the life statistics of an old motor. It is easy to estimate at
what point of time the new installed motor could start deteriorating so that instead of waiting for
a machine to break down we can have the chance to predict the failure before and do analysis as
mentioned in above chapters to replace or repair that particular component of a machine and save
shutdown time.

FIGURE

34 PREDICTION USING HISTORICAL DATA (WISWEDEL , 2007).
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CHAPTER-6: CONCLUSION AND FUTURE WORK
6.1 Conclusion
This thesis deals with the analytical model that predicts the deterioration of machine
components before its catastrophic failure. The opted method for the vibration analysis in this
work increases machine’s reliability and reduces the loss in production.
The transducers located at multiple locations detects the region where the fault occurs by
observing their vibration signatures. The health of a machine can be diagnosed by identifying the
type of fault and its location before its premature failure.
An operator gets an email notification from the KNIME-based analysis without having to
monitor the data at regular intervals of time. It detects an irregular pattern of data which causes
machine failure and sends an email to an authorized operator with the sensor location ID for
further action.
6.2 Future Work
The data generated in NI LabVIEW can be automated to import the data to KNIME for
the vibration signature analysis. The MS Excel can also be used to plot the data generated from
multiple transducers automatically.
Auto-regressive model can be developed to correlate with the historical data obtained
from the past and the failure be predicted for a particular machine in that year.

55

An online monitoring system can be developed to monitor the machine’s performance
remotely. A hand-held portable analyzer can also be used to diagnose the machine’s performance
during the production process.
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APPENDIX
Graphs
The following are the graphs used for the data analytics of machinery vibration:

FIGURE 35 INNER RACE FAULT AT 1000 RPM (ACCELEROMETER).
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FIGURE

36 INNER RACE FAULT AT 2000 RPM (ACCELEROMETER ).

FIGURE

37 INNER RACE FAULT AT 3000 RPM (ACCELEROMETER ).
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FIGURE

FIGURE

38 INNER RACE FAULT AT 3500 RPM (ACCELEROMETER).

39 OUTER RACE FAULT AT 1000, 2000, 3000, 3500 RPM (ACCELEROMETER ).
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FIGURE

40 MECHANICAL LOOSENESS AT 1000, 2000, 3000, 3500 RPM (ACCELEROMETER ).

FIGURE

41 CENTRALLY BENT ROTOR SHAFT AT 1000, 2000, 3000, 3500 RPM
(ACCELEROMETER ).
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FIGURE 42 CENTRALLY BENT ROTOR SHAFT AT 1000, 2000, 3000, 3500 RPM
(ACCELEROMETER ).

FIGURE

43 OUTER RACE FAULT AT 1000, 2000, 3000, 3500 RPM (MICROPHONE ).
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FIGURE

44 MECHANICAL LOOSENESS AT 1000,2000,3000,3500 RPM (MICROPHONE ).

FIGURE

45 CENTRALLY BENT ROTOR SHAFT AT 1000,2000,3000,3500 RPM (MICROPHONE ).

